RESUMO
considera os planos de expansão até dezembro de 2015. Os testes foram realizados por simulação utilizando 75 séries históricos de vazões. Em comparação com o planejamento fornecido pela abordagem estocástica em vigor, a abordagem determinística proposta apresentou desempenho superior devido ao uso mais eficiente dos recursos hídricos, levando a uma operação mais segura e econômica. system and piecewise linear approximations to make the application of dynamic programming solution technique possible to the Brazilian system. The latter uses a nonlinear optimization algorithm considering predicted future inflows with a detailed representation of the individual power plants. Data from official sources were used to formulate a case study on the monthly operation planning of January 2011 that considers the projected expansion plans up to December 2015. Tests were performed by simulation using 75 historical inflow scenarios. In comparison to the scheduling provided by the stochastic approach, the proposed deterministic one was found to provide a superior performance due to the more efficient use of water resources, leading to a more secure and economic operation.
INTRODUCTION
The hydropower scheduling is designed to meet the load demands of a power system using a reliable and cost effective power plant dispatching. This involves using the available hydropower resources optimally to reduce operating costs without compromising the security of system operation in the future.
Long term hydropower scheduling (LTHS) for a multireservoir system consists on a quite complex optimization problem due to issues such as the long planning horizon to be analyzed (several years), the time dependence of decisions, the coupling of hydro plants in the same river basin, and the nonlinear relations involved in the hydro power generation functions and thermal costs.
In Brazil the operation planning of the hydrothermal system is coordinated by the independent system operator (ONS) in accordance with the electric sector agents providing a coordinated dispatch for the whole system. The continental dimension of the country presents an extra challenge, since the system consists of a large number of thermal and hydro plants and an extensive transmission network linking the plants to the load centers.
Above all this, the major concern in hydrothermal scheduling is the stochastic nature of inflows. Various approaches have been proposed to solve the LTHS problem and they can all be classified as either stochastic or deterministic according to the modeling of inflows (Labadie, 2004) .
Stochastic approaches usually consider the uncertainty of water inflows on the basis of probability distribution functions and most of the applications use stochastic dynamic programming (SDP) as optimization tool (Stedinger et.al., 1984) . SDP has been the most commonly used technique in the solution of the strategic (long term) problem of reservoir operation. Among its advantages is the possibility to explicitly model the uncertainty of inflows and to represent important nonlinear relations inherent to the problem. However, for multireservoir systems, they require some kind of simplification due to the intense computational requirements (Bellman, 1957) .
One way of overcoming this problem is by aggregating multiple reservoirs to form a composite reservoir of energy (Arvanitidis and Rosing, 1970; Turgeon, 1980; Valdes et.al., 1995) , and/or by piecewise linear approximation of nonlinear functions (Diniz et.al., 2008; Dias et.al., 2010) . This is the case of the methodology currently used in Brazil, the NEWAVE model, which is based on stochastic dual dynamic programming (SDDP) (Pereira and Pinto, 1991) , using Benders decomposition (Pereira and Pinto, 1985) with nonlinearities in the power generation and future cost functions modeled as piecewise linear.
Deterministic approaches, on the other hand, take into consideration specific hydrological scenarios and provide solutions for individual plants. The stochastic aspects of the problem can thus be implicitly handled by the selection of such inflow scenarios and by the analysis of the optimal deterministic solutions associated with each one of them (Dembo, 1991; Escudero et.al., 1996) . The advantage of this approach, also known as implicit stochastic optimization or Monte Carlo optimization, is that nonlinear models can be directly applied even to large scale hydropower systems. The primary disadvantage is that optimal operational policies are specific to the assumed hydrologic time series and deriving a general optimal operation rule is not straightforward.
Few articles have been published comparing the application of stochastic and deterministic approaches to the solution of LTHS problems (Zambelli et.al., 2006; Martinez and Soares, 2002; Philbrick and Kitanidis, 1999; Dagli and Miles, 1980; Boshier and Read, 1982) . Case studies comprise only systems with a limited number of reservoirs (most of them, a single one) and general conclusions diverge, indicating that the best optimization approach is not yet defined by the literature.
This paper proposes the application of a new deterministic approach for the LTHS of the Brazilian National Interconnected System (SIN). The model named Optimal Dispatch for the Interconnected Brazilian National system (ODIN) is based on adaptive model predictive control (MPC), an optimization framework widely applied in real-time control and industrial processes which can provide high quality subopti-mal solutions for the LTHS problem with no computational burden.
The performance of the proposed approach is evaluated by simulation taking into account detailed plant data and all operational constraints from official data sources (CCEE). Simulations were performed for the 75 scenarios contained in the historical records of inflows.
Results from the ODIN model are compared to those provided by the stochastic approach given by the NEWAVE model using the SUISHI-O model to disaggregate the former's optimal rules and make the comparison possible on the basis of individual hydro plants. Both tools are used officially by the Brazilian Electric Sector (SEB) in the planning and operation of SIN.
This work is organized into four sections. Section 2 presents the problem formulation. Sections 3 and 4 describe, respectively, the proposed deterministic approach ODIN and the stochastic approach determined by official SEB models. Section 5 presents the case study and its results while Section 6 summarizes the main conclusions.
PROBLEM FORMULATION
The LTHS for large scale power systems is generally broken into separable sub-problems to make a solution possible. The primary goal is to supply the total load demand D t at minimum expected operating costs, which leads to the hydro scheduling optimization problem that follows:
Subject to: The cost function Ψ(.) represents generation fuel costs associated to non-hydraulic sources dispatched supplementary to attend the load demand. Costs associated with hydroelectric power generation are considered to be negligible in relation to those of thermal generation and were thus ignored in this model. The coefficient λ t represents the interest rate adopted to calculate the present value of the operating costs on a monthly basis.
Hydro power generation at stage t is calculated in (2) as the sum of the power generation of each individual plant plus that of small generators (less than 30MW) from hydro and alternative sources P Ct , which are not explicitly controlled by the ONS. For each individual plant, the hydro power generation p i is a nonlinear function of the water head and the discharge (3) .
Water head (4) , in turn, is a nonlinear function of average reservoir storage, water discharge through the turbines, and water spillage from the reservoir. The constant k represents the product of the water density, the gravity acceleration, and average turbine/generator efficiency. The forebay h M (x) and tailrace h J (u) elevations are calculated by 4th degree polynomial functions and the penstock head loss h P (q) is determined by a quadratic function of discharge, a constant, or a percentage of the water head, depending on the data available for the plant.
The equality constraint (6) describes the system dynamics based on the water balance in the reservoir. Amounts of water taken from the reservoir for alternative purposes are included in term U C . Evaporation ev is a nonlinear function of the reservoir storage and despite being properly calculated in simulation time, it was not considered during optimization in order to preserve the linearity of constraint (6).
Lower and upper bounds on variables, expressed by constraints (8) - (11) , are imposed by the physical operational limits of the hydro plants, as well as the limitations associated with multiple uses of water. For example, the lower bound for reservoir and release can vary over time to allow navigation, water supply, irrigation and recreation. The upper bound for reservoir can be imposed for purpose of dam safety and flood control. The upper limit of the discharge in equation (10) is also a nonlinear function of water head.
Since spillage v does not produce energy, and therefore does not reduce thermal generation costs, it is considered a slack variable, which will only be different from zero if the release is greater than the maximum possible discharge (u>q max ) so the reservoir cannot accommodate any more water (x=X max ).
The total thermal generation z t to be produced at a given stage t, can be calculated as the total power needed, supplementary to total hydro generation p t , to guarantee the full supply of load demand D t .
Substituting (12) in (1) and specifying Ψ(.) as the product of thermal unit generation for its variable costs, a thermal optimization problem is formulated to determine the economic dispatch of individual thermal units (El-Hawary and Christensen, 1979) as presented in equations (13) - (15) Ψ(z t ) = min
where:
J :number of thermal plants;
The coefficients C j,t are variable unitary costs for each thermal plant j and stage t. Costs related to importing electricity from neighboring markets and energy deficits can be modeled in a similar way.
In equation (15) the minimum limit for thermal generation at a stage t is defined by operational limits or imposed by contracts for the fuel supply (thermal inflexibility), if any. The upper limit is determined by the generation capacity of the plant, which is the installed capacity discounting maintenance and unexpected outage factors.
According to the current SIN model the hydro plants are aggregated in four subsystems that correspond to distinct geographic areas of Brazil. The main interconnections between these subsystems are explicitly considered in the model, so that energy balance within each subsystem s is assured and implicit active power flow o s,t in the main network is calculated by equations (16) - (20) . Equations (16) , (17) and (18) are analogous to (12) , (14) and (2) respectively but in this context power generation is summarized for each subsystem.
THE DETERMINISTIC APPROACH
The deterministic operating policy ODIN proposed here is an open-loop approach where strategic decisions are not calculated prior to the simulation process for all stages of the planning horizon, but rather determined at each stage during the simulation. It is an operating policy based on MPC where decisions are determined, at each stage of the planning period, by a two step procedure: in the first step the future inflows are forecasted for a limited time horizon. Then, in a second step the system is optimized for the forecasted inflows by a nonlinear deterministic optimization model.
The simulation of the system's operation with such an open-loop approach results on a "forecast-optimize-update" scheme that runs for all stages until the end of the planning horizon.
Previous tests with this approach, focusing specifically on the uncertainty of inflows, evaluated the results for single reservoir systems where dimension is not an issue (Martinez and Soares, 2002; Zambelli et.al. 2009 ). The approach has shown results equivalent to those of standard methods based on stochastic dynamic programming. During the simulation, for each stage t of the planning horizon, the reservoir storage level at the end of the previous stage is observed and used as an initial condition for solving a deterministic optimization problem for a specific optimization horizon [t, T*].
This optimization considers a series of predicted values for the unknown parameters to be considered, in this case, water inflows, determined by the Predictor module, based on past observed values.
The Optimizer module then provides optimal releases for each hydro plant for the optimization horizon but only the discharge solution for the first stage u * t is selected and submitted to a simulation model. The latter tests the feasibility of results and makes the necessary corrections if needed, according to formulation (2) -(20) . Corrections are frequently needed due to differences between the predicted inflow seriesȳ and the simulated inflow series y and eventually due to subsystems' interchange constraints.
In the next stage t + 1, the storage level of the reservoirs resulting from simulation is observed, and a new forecasting of inflows can be given based on the latest available information. This procedure of "forecast-optimize-update" is repeated until the end of the planning horizon T .
In this paper the monthly average of historical inflow records (MLT) was adopted as the forecasting values for the inflow series during optimization, which neglects the benefits of the updating scheme. This means that the performance of the approach implemented can probably be improved significantly with the use of more efficient forecasting techniques.
In the ODIN approach the deterministic nonlinear optimization model (1) - (11) can be solved using specialized optimization techniques to such as network flow algorithms with capacitated arcs (Oliveira and Soares, 1995) or interior point methods (Azevedo, et. al. 2009 ). The former was used in this case study since it is much more efficient than conventional nonlinear programming models for solving hydro scheduling problems (Rosenthal, 1981) . Its structure allows a detailed representation of the hydropower system, including specific aspects of individual plants and nonlinear production functions.
The optimization horizon T* adopted starts at the current stage t and consists on a rolling window of at least 13 months and at most 24 months, depending on the current monthly stage. Full reservoir storage is imposed as a boundary condition at the end of this horizon, adjusted to match the month of April, since reservoirs are expected to be close to full by the end of the wet seasons. These two parameters were estimated based on successive simulation tests with various considerations and have shown to maximize the approach performance.
Since the optimization algorithm used by ODIN is based on a network flow algorithm, it can not consider limits on interchange between subsystems. Therefore, heuristic operating rules can be applied to the optimal solution during simulation in order to enforce the limits of transmission capacity between subsystems and verify the supply of local load demands, according to Eq. (16) -(20) (Zambelli, 2009 ).
THE STOCHASTIC APPROACH
The stochastic operating policy adopted by the ONS in Brazil is a closed-loop approach performed in two steps: first the optimal strategy is calculated by an optimization model and then the system is simulated using this strategy over different hydrological scenarios in order to evaluate its performance.
The first step is done by the NEWAVE model (CEPEL, 2001) and is based on SDDP, a technique derived from the standard stochastic dynamic programming by the hypothesis that the inflows at the beginning of each stage are known. With this hypothesis, the classical "decision-hazard" Belman's recursive equation can be substituted by a "hazard-decision" recursion which can be solved through a nested resolution of two stage problems during the planning period using Benders decomposition. These two stage problems optimize the immediate present operation cost during the actual stage plus the minimum expected future operation costs at the end of that stage.
According to this approach, the minimum expected future cost function (FCF) at each stage, which indeed is a nonlinear function of storage, is approximated by its external linearization (Benders cuts). The construction of such an approximation is performed by an iterative procedure constituted by forward and backward simulations over synthetic inflows generated by periodic autoregressive models of order p, PAR(p), until convergence is achieved which results in a piecewise linear FCF.
The NEWAVE model, developed by the Electric Energy Research Center (CEPEL) is the first in the chain of models (Maceira et.al., 2002) used to guide the planning and operation of the Brazilian power system. It uses the SDDP technique to determine an optimal operation for the SIN represented as four interconnected subsystems: North (N), Northeast (NE), Southeast and Center-West (SE/CO), and South(S). Each of these is associated to a single composite energy reservoir, a thermal system, a load demand and limited energy interchange capacity. The composite representation was necessary since SDDP application to large scale problems is very CPU-time consuming.
The outcomes from the NEWAVE model are the FCF functions for each subsystem and each stage of the planning horizon which will be used next.
The second step in the closed-loop approach is the simulation of the system using the strategy (FCF) calculated by NEWAVE in the previous step. In this paper, the simulation was performed by the SUISHI-O model (CEPEL, 2007) , also developed by CEPEL, that disaggregates the dispatch for the individual plants based on the FCF functions provided by NEWAVE.
This disaggregation is accomplished for each stage also in two steps: in the first step a linear programming model optimizes the hydrothermal dispatch of the subsystems taking into account the FCF functions (Benders cuts) provided by the NEWAVE model and the interchange capacity limits. In the second step, the hydro generation of each subsystem is disaggregated into its individual hydro plants by using heuristic reservoir operation rules that try to maintain the reservoirs at the same storage levels (parallel operation). Although using a heuristic approach, the SUISHI-O model computes the precise consequences of the decisions since its formulation represents the nonlinear aspects of hydro production.
In summary, this approach, which will be referred to as NW-SUISHI, has the following modeling simplifications: 
CASE STUDY
The performance of the two approaches was analyzed using simulation in a support decision system developed at UNI-CAMP. A data importation module was created so that the system could contemplate all the operating data available in official sources (www.ccee.org.br). For this paper work the January 2011 data deck (NW201101) was imported to create a case study which takes into consideration the dynamic evolution of the power plants and load demand projections up to December 2015.
The hydrothermal planning performed in Brazil considers a time horizon of up to five years on a monthly basis, thus the simulation studies involved the 75 inflows scenarios contained in the historical data from 1931 to 2009, starting in January of each year and comprising 60 monthly periods.
Systems Results
In Table 1 , the simulation results for the stochastic (NW-SUISHI) and deterministic (ODIN) approaches are summarized. Average values of hydropower generation, stored energy associated with reservoir storage at the end of the planning period, and operating costs updated to present values according to a discount rate of 12% per year, are presented.
The average results indicate that the deterministic approach provided 8.23% lower operating costs, with 0.81% greater hydropower generation, and almost 38.9% more stored energy by the end of 2015. These results are a consequence of the more efficient operation of hydro plants resulting from deterministic modeling, which frequently operate with greater reservoir storage. The greater efficiency helps meeting load demands using less water from the reservoirs, which also provides a more reliable operation.
Figures 2 and 3 present the evolution of average hydropower generation and operating costs, respectively, for the simulated models. During dry periods, when the water supply is reduced, SIN incurs on higher operational costs, as seen in the trajectory of operating costs shown in Figure 3 . The graph of operating costs presents peaks in October for the NW-SUISHI model, while the ODIN model anticipates the use of thermal generation to avoid these peaks and reduce costs over almost the entire planning period.
To provide a better view of each scenario, the graph in Figure  4 presents the difference in costs (NW-SUISHI minus ODIN) for each scenario. Differences in final reservoir storage were uniformly distributed over the five-year period, multiplied by average marginal costs and added to original operating costs to state a single base of comparison.
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Figure 4: ODIN minus NW-SUISHI operating costs for each inflow scenario.
As can be observed in Figure 4 , the ODIN model provided a more economic operation for the vast majority of the scenarios studied. Indeed the results were significantly improved by the NW-SUISHI model only in one of the 75 hydrologic scenarios simulated. Figure 5 presents the trajectory of average stored energy resulting from simulation with the two models.
It is shown that the ODIN model tries to maintain a greater stock of stored energy throughout the planning period in order to increase efficiency in operation of the hydro plants. It also shows that operating according to the ODIN model the system makes it possible to recover maximum energy storage at the end of each dry season in April, whereas operating with the NW-SUISHI model gradually reduces the stored energy supply each year.
This difference is of special importance to the case study conducted. Apparently, the solution of the NW-SUISHI model does not provide a steady state operation, and leading to a continuous depletion of the reservoirs, which suggests that this operating policy is not sustainable in the long run. This characteristic may be a consequence of the simplifications adopted, specially the linearization of nonlinear functions, the "hazard-decision" recursive equation of SDDP, and the heuristic rule of reservoir parallel operation of SUISHI-O model.
It is also possible to say that operation according to the NW-SUISHI model is less reliable than that proposed by the ODIN model, since the former makes use of the water stored in the system beyond what is sustainable in the long run, exposing the system to greater risk of rationing.
Perhaps this fact explains why it was necessary for the ONS to introduce a Risk Aversion Curve (CAR) in the SIN monthly operation program, once noticed that the model could lead to expressive depletion. One major advantage of the ODIN model is that it requires no CAR or any other extramodel procedures to ensure safe operation and avoid deep shortages that would have deep economic impact.
Subsystems Results
In this Section results are presented for the four subsystems that compose the SIN according to geographic regions. These are Southeast/Central-west (SE/CO), South (S), Northeast (NE) and North (N). Tables 2 and 3 show, respectively, the mean and standard deviation values of the marginal operating costs for each subsystem, concerning the whole planning period and the 75 simulated scenarios. The expected value of marginal operating costs is used as indicative price of energy in the Brazilian spot market. It is shown that the deterministic methodology provides lower average marginal costs for all subsystems, as well as lower standard deviations, indicating that there is less price volatility using this methodology. Moreover, the differences between subsystems are much lower indicating that the limits on interchange were riched less frequently. Figure 6 shows the average trajectories of the marginal operating costs according to the two approaches for the SE/CO subsystem, which is the largest one, corresponding to 61% of the hydro installed capacity of the SIN as a whole.
!" !# It can be observed that the NW-SUISHI model reports lower marginal costs along the whole first year but it fails to maintain this advantage for the entire planning period, incurring in higher prices especially during the dry seasons (May to November).
These results are directly related to the management of the reservoirs, as shown in Figure 5 . The strategy of the ODIN model is to hold more water in the reservoirs at the beginning of the planning horizon in order to increase the system's storage and be able to operate it with more efficiency in the remaining planning period. This increases the operation costs at the first year, but assures lower and more stable prices along the whole planning horizon.
Hydro Plants Results
Four hydro plants, located in different river basins, were selected to illustrate the simulation results for individual plants. These are Emborcação (A), Foz do Areia (B), Sobradinho (C) and Serra da Mesa (D).
Figures 7 to 10 show the average evolution of storage in the reservoirs for these hydro plants, resultant from the scenario simulation using the two approaches considered. The maximum limit for storage xMax is also presented. It can be observed that the operation according to the ODIN model leaves the reservoirs with greater water storage than does the NW-SUISHI model. A similar pattern has been observed for most of the reservoirs in the SIN, which explains the results in Figure 5 .
Indeed there is a strategic difference between the models concerning reservoir management: the ODIN model always tries to increase the level of water stored in the reservoirs, especially those whose inflows are greater (downstream plants). This is a result of the influence of water head on hydro efficiency and is only possible to be captured by nonlinear models (eq.(3) -(4) ). Considering the individual hydro plants presented, this trend is easily observed for plants A and B. Plant C presents two quite different profiles according to both approaches but it is clear that the use of the ODIN approach provided more stable reservoir operation in response to the seasonable inflow profile for the region. Plant D shows no apparent difference in reservoir evolution with the two approaches. The differences noted are strongly related to characteristics of individual plants and their location in the river basins. Plant C is the one among these four with the smallest storage capacity (3805 hm 3 ), whereas plant D has the largest reservoir on SIN (43250 hm 3 ), indicating that perhaps the NW-SUISHI-O approach, based on a piecewise linear production function, would lead to a more instable behavior in small storage plants.
Tables 4 and 5 present the average values for hydro generation, efficiency and reservoir storage at the end of the planning horizon for each plant, according to the stochastic and deterministic approaches, respectively. It can be observed that differences in the power generation diverge from one hydro plant to the other, with the stochastic model providing greater average generation for plants A and B, and the deterministic model doing so for plants C and D.
Average reservoir storages at the end of the planning period, however, were greater with the ODIN model for the four hydro plants. The greatest increase was observed for plant C, with final reservoir level being more than double of that determined by the NW-SUISHI model.
The benefits of greater storage in reservoirs go beyond a mere hedge against droughts; the increase in water head also results in greater efficiency for the plant. Indeed, for all the hydro plants presented in Tables 4 and 5 , the ODIN model has shown greater efficiency, with the greatest increase in re- lation to that of the NW-SUISHI model being observed for plant B (7.44%).
These results have shown that the deterministic approach provides better performance than the stochastic method for the long term hydrothermal scheduling of the multi-reservoir Brazilian power system. Moreover, for this case study, it led to an even more efficient operation of reservoirs which can be supported by the Certainty Equivalent principle (Bryson and Ho, 1975 ) (Tse and Shalom, 1975) that is believed to be true for reservoir operation problems when the performance criterion is the maximization of hydroelectric power generation (Philbrick and Kitanidis, 1999) .
CONCLUSIONS
This paper has presented a comparison of stochastic and deterministic approaches for the long term hydrothermal scheduling of the Brazilian Power System.
The stochastic solution was represented by the stochastic dual dynamic programming approach used by the NEWAVE model in conjunction with the linear programming and heuristic rules used by the SUISHI-O model to disaggregate the former's results for individual plants.
The deterministic solution was represented by the predictive control model framework used by the ODIN, where optimal operational decisions for individual hydro plant are provided by a nonlinear optimization model based on expected values for the future inflows.
The two approaches have been evaluated by simulation over the 75 inflow scenarios contained in historical records for a case study that considers the interconnected Brazilian hydrothermal system with official data from the monthly operation program of January 2011.
The expected operating costs based on the deterministic model were 8.23% smaller than those established by the stochastic model. This was a consequence of the better management of the reservoirs of the system according to ODIN model, which made it possible to increase hydro power generation by 0.81% and still leave the system with almost 38.9% more stored energy by the end of the 60-month planning period.
In general, the deterministic ODIN model can present a more efficient operation, resulting in greater hydropower generation and reduced costs. The ODIN model can also guarantee a safer and more reliable operation, as it maintains the reservoirs fuller while providing a more efficient use of the water resources.
Future work includes testing the performance of the ODIN model when using specialized inflow prediction models based on artificial intelligence techniques.
